Background: Molecular typing is a valuable tool for gaining insight into spread of Mycobacterium tuberculosis. typing allows for clustering of cases whose isolates share an identical genotype, revealing epidemiologic relatedness. Observed distributions of genotypic cluster sizes of tuberculosis (tB) are highly skewed. a possible explanation for this skewness is the concept of "superspreading": a high heterogeneity in the number of secondary cases caused per infectious individual. Superspreading has been previously found for diseases such as severe acute respiratory syndrome and smallpox, where the entire transmission tree is known. So far, no method exists to relate superspreading to the distribution of genotypic cluster sizes. Methods: We quantified heterogeneity in secondary infections per infectious individual by describing this number as a negative binomial distribution. the dispersion parameter k is a measure of superspreading; standard (homogeneous) models use values of k ≥ 1, whereas small values of k imply superspreading. We estimated this negative binomial dispersion parameter for tB in the netherlands, using the genotypic cluster size distribution for all 8330 cases of culture confirmed, pulmonary tB diagnosed between 1993 and 2007 in the netherlands. Results: the dispersion parameter k was estimated at 0.10 (95% confidence interval = 0.09-0.12), well in the range of values consistent with superspreading. Simulation studies showed the method reliably estimates the dispersion parameter across a range of scenarios and parameter values. Conclusion: Heterogeneity in the number of secondary cases caused per infectious individual is a plausible explanation for the observed skewness in genotypic cluster size distribution of tB.
W orldwide, about 9 million tuberculosis (tB) cases are reported yearly, leading to an estimated 1.4 million deaths per year. 1 Moreover, about a quarter of a million cases of multidrug-resistant tB are notified annually, posing a new threat to tB control.
iS6110 restriction fragment length polymorphism (rFlP) typing distinguishes among various M. tuberculosis strains by visualizing repetition and genomic location of the iS6110 repetitive sequence. 2 Because the iS6110 transposition rate is low, 3 cases who are in the same transmission chain will usually have identical Dna fingerprints; therefore, genotyping of M. tuberculosis is often used to trace presumed epidemiologic links between tB cases. Furthermore, it is thought that the low genetic diversity among M. tuberculosis isolates in highprevalence areas is related to high levels of recent transmission. 4 there is thus a relationship between tB epidemiology and Dna fingerprints. We define a genotypic cluster as all isolates sharing an identical fingerprint. a large genotypic cluster is usually the result of local transmission, whereas rare genotypes are due to reactivation or import of cases or mutation. luciani et al 5 noted that the distribution of sizes of genotypic clusters for many datasets found in the literature is highly skewed, featuring some very large clusters and many of size one (ie, unique Dna fingerprints). the authors suggested this skewness could indicate an increasing prevalence, with older clusters being exceptionally large, and small clusters the product of recent mutation.
an alternative explanation for the high skewness of the genotypic cluster size distribution is that a small proportion of all cases cause a large fraction of all infections-a phenomenon frequently called "superspreading." 6 there is anecdotal evidence that large tB outbreaks can be generated by a single case, diagnosed at a very late stage, causing many secondary cases. 7 Furthermore, Vynnycky et al 8 estimated the variance-to-mean ratio of the number of individuals effectively contacted by a tB case in the netherlands to be 20, indicating that some individuals add disproportionately to the total number of infections caused. this heterogeneity in number of cases caused by an infectious individual has been observed for a range of infectious diseases. 6 to examine whether heterogeneity in number of cases caused per infectious individual could explain the observed distribution of cluster sizes, we study data on all pulmonary cases from the netherlands isolated between 1993 and 2007. For this population the explanation of a growing number of tB cases does not hold, as there is no sustained transmission of the disease in the netherlands. instead, tB is regularly introduced from abroad, mostly by immigrants from high-endemic countries. in addition, cases may be caused by endogenous reactivation in (elderly) persons who had been infected in their youth when tB prevalence was still high. 9 in the netherlands, all cases of tB have been tested since 1993 and typed using iS6110 rFlP typing when culture confirmed.
Standard tools for population genetic inference, such as the coalescent, 5,10 assume random sampling from one large transmission tree, with a low sampling frequency. this does not apply to the Dutch tB data, which is sampled with a high sampling frequency from many small outbreaks. We therefore model the spread of tB in the netherlands as a subcritical branching process, 11 in which each reactivation or introduction from abroad can trigger a minor outbreak. We use a negative binomial distribution to model the number of secondary cases caused by one infectious individual; the dispersion parameter of this distribution gives a measure of superspreading. adapting the branching process to allow for mutation during our study period, we derive likelihood equations for the distribution of genotypic cluster sizes, and then use these to estimate the negative binomial dispersion parameter from the observed genotypic cluster sizes.
METHODS

Data
Between 1993 and 2007, there were 21,155 persons in the netherlands diagnosed with tB, of whom 14,818 (70%) were confirmed by culture. Samples from all these cases were subjected to iS6110 rFlP typing; strains with fewer than five iS6110 copies were subtyped with the polymorphic gc-rich sequence probe. 12 the netherlands tuberculosis register, holding epidemiologic data such as immigrant status, was matched with the database holding genetic data, on the basis of sex, date of birth, year of diagnosis, and postal code. this yielded a total of 12,222 (82%) culture-confirmed patients with typing information, of whom 8,330 were pulmonary cases. We exclude nonpulmonary cases because they are not infectious; we instead focus on infections that lead to secondary pulmonary cases.
Transmission Model
We model the spread of tB as a branching process, where the number of secondary cases caused by one infectious individual is given by a probability distribution, called the offspring distribution. Following lloyd-Smith et al 6 we assume a negative binomial offspring distribution with mean R and dispersion parameter k ∈ ∞ ( , ) 0 . this distribution is widely used to model overdispersed count data, such as the number of social contacts made by people over a fixed time period. 13, 14 the parameter R could be considered an "effective reproduction number." the dispersion parameter k governs the degree of superspreading; a lower value of k means a higher heterogeneity (Figure 1 ). the variance-to-mean ratio of the negative binomial distribution is given by 1 + R/k. as k→ ∞ the offspring distribution becomes a Poisson distribution, which would result from all cases being equally infectious, having the same fixed infectious period, and making contact at random. k = 1 yields a geometric distribution, which is used in many infectious disease models such as simple susceptible-infected-recovered models. 15 although this seems a plausible assumption for common diseases such as influenza, 16 for some diseases, such as severe acute respiratory syndrome (SarS) and smallpox, k has been estimated to be as extreme as 0.1 or less. 6, 17, 18 We take a transmission cluster to be all infectious cases resulting from one index case; this could include infections caused by secondary, tertiary, etc. cases. When the mean number of infections caused by one infectious individual is smaller than one, such a transmission cluster will not go on indefinitely, but reach a certain final size. the probability distribution for the final size of a transmission cluster Y is given by 11, 19 (eappendix, http://links.lww.com/eDe/a659): (1) 
Deriving the Transmission Clusters
the observed genotypic clusters, that is, all cases sharing the same Dna fingerprint, are not the same as the transmission clusters. this is because:
1. multiple introductions into the country can share a fingerprint without being epidemiologically linked; 2. complete epidemiologic and molecular data are not available for all cases in the study period, and no data are available for cases outside of the study period of 15 years that could still belong to the same transmission cluster; and 3. due to mutation, epidemiologically linked patients could exhibit different Dna fingerprints.
to derive the transmission clusters from the genotypic clusters, we use the rules described below.
any case with a Dna fingerprint not seen in another patient in the preceding 2 years is taken to be an index case because most infected persons who develop disease do so within 2 years. 20 this could underestimate the number of index cases: when two cases share a Dna fingerprint, there is a small chance they have introduced this fingerprint independently, even if they are found within two years. this is especially relevant for recently arrived immigrants, who are unlikely to have been infected in the netherlands. We therefore assume that immigrants who have been in the country for less than 6 months at diagnosis are index cases themselves, having brought the bacterium from abroad rather than having been infected in the netherlands. this means that if a case found in the 2 years preceding the diagnosis of a recently arrived immigrant has the same Dna fingerprint as the immigrant, the genotypic cluster formed by all cases with this fingerprint actually consists of two transmission clusters, the immigrant being the index case of one of them ( Figure 2 ).
cases who belong to a transmission cluster but were diagnosed before or after the study period are censored 11 (Figure 2) . as linking of the two databases leads to a match for 82% of cases, we assume that full data are available with probability 0.82 for each case in the study period. in a study in the netherlands, Schürch and colleagues 21 have shown that transpositions of iS6110, resulting in a different Dna fingerprint, can occur during transmission. We use p m to denote the probability that an infected individual will show a fingerprint different than that of its infector when progressing to disease. 22 these mutations lead to an offspring distribution that is still negative binomially distributed, with unchanged dispersion parameter but with reduced mean R(1-p m ) (eappendix, http://links.lww.com/eDe/a659). this means we cannot estimate R and p m separately; we therefore introduce the fingerprint reproduction number R m , defined as R(1-p m ). 
Inference of Transmission Parameters
where f(y|n) is the probability that a cluster with n index cases has size y given the parameters, and 1-F(y-1|n) is the probability that a cluster with n index cases has at least size y (see eappendix for details, http://links.lww.com/eDe/a659). Using the likelihood function (equation 2), we can find maximum likelihood estimators for R m and k and obtain confidence intervals by using profile likelihood. 23 to assess the impact of our assumptions, we perform sensitivity analyses for the number of years between time-separated clusters and for the percentage of cases observed.
Testing Method Performance on Simulated Data
to test the robustness of the inference procedure we use simulated data. We want to test whether the algorithm is able to differentiate among different levels of heterogeneity in the offspring distribution. We do this by generating datasets under FIGURE 2. Cartoon illustrating the identification of transmission clusters from a genotypic cluster. Puppets represent patients infected with the same DNA fingerprint before, during, or after the study period 1993-2007; the underlined puppet denotes a recently arrived immigrant. By defining a new transmission cluster when there are more than 2 years between consecutive cases, the method separates this genotypic cluster into three transmission clusters. Each transmission cluster has at least one index case, that is, a case not infected by another case from the same transmission cluster. Index cases are denoted by arrows. Clusters near the edge of the study period may be partially observed, for example, the left cluster in reality has size 3, rather than the observed 1. This is accounted for by assuming the sizes of the left and right clusters are at least 1, rather than exactly 1. Because the middle cluster has two index cases (the first case and a recently arrived immigrant), it actually consists of two overlapping transmission clusters. a range of parameter values, and estimating the parameters R m and k using the proposed approach.
We generate index cases spread out uniformly over time, starting 10 years before our study period and ending at the same time as our study period. each case causes a random number of other cases, which is given by a negative binomial distribution with R = 0.3, p m = 0.1, and k varying per simulation. We take the time between onset of disease of the source case and the infected case to be exponentially distributed with rate 0.8 per year. 24 We take a transposition rate of 0.1 per year. 3, 25, 26 in the Dutch dataset, 110 instances of an additional index case in a cluster were observed. these were recently arrived immigrants with a previously seen Dna fingerprint, resulting in genotypic clusters actually consisting of two transmission clusters. We therefore randomly take 110 simulated genotypic clusters and set their fingerprint to be identical to that of another 110 randomly selected genotypic clusters. From these simulated datasets we take all cases that fall in our study period spanning 15 years, and randomly remove 18% of these to mimic the fact that in reality we have information on 82% of cases. We stop generating index cases when we have observed 8000 cases. We then apply our inference method and compare estimated parameter values to the actual values we simulated with.
in the simulations, R m is consistently overestimated and sensitive to the different values of additional variables ( Figure 3) . However, the value of k is only slightly overestimated, and the estimation is not sensitive to the additional variables. there is a clear distinction between estimates of k from simulations where k = 1 and simulations where k = 0.1.
RESULTS
the 8330 culture-confirmed pulmonary cases in the netherlands formed 4945 genotypic clusters; Figure 4 shows the distribution of their sizes. the observed genotypic cluster distribution is highly skewed. eighty-one percent of all clusters consist of only one case; these clusters contain 48% of all isolates. the largest cluster consisted of 119 cases.
We find estimates of the fingerprint reproduction number R m of 0.48 (95% confidence interval = 0.44-0.59) and the dispersion parameter k of 0.10 (95% confidence interval = 0.088-0.12). this value for the dispersion parameter k is much lower than the values corresponding to the Poisson distribution (k = ∞) and the geometric distribution (k = 1) that are typically used in transmission models, and is suggestive of superspreading.
to test for robustness, we showed that the estimation procedure is able to differentiate between values of k = 1 and k = 0.1 under a range of parameter values (Figure 3) , making it unlikely that the estimated low value could result from a transmission process without superspreading. in an additional sensitivity analysis, in which we vary the minimum time between transmission clusters and the percentage of cases observed, we find the estimate of the fingerprint reproductive number to be sensitive to precise assumptions. However, the estimate of the dispersion parameter is insensitive ( Figure 5 ). Finally, we found this estimate to be insensitive to several of our assumptions regarding extra pulmonary cases, immigrants, and recurrent mutations (eappendix, http://links.lww.com/eDe/a659).
DISCUSSION
the cluster size distribution given by rFlP typing of pulmonary cases in the netherlands between 1993 and 2007 is highly skewed, and it is consistent with a value of the dispersion parameter k for the number of secondary cases caused per infectious individual of 0.10. this value indicates severe FIGURE 3. Performance of the method to distinguish among several levels of heterogeneity using simulated data. Point estimates are given for R m and k for 1000 simulations as described in the main text, using values of R m = 0.27 and k = 0.1 and 1 (large dots). Colors denote different simulation scenarios, the median of the estimates for each of the estimates is given by a cross. Colors are as follows: the standard scenario (red), time between transmission clusters of 1 (light green) or 3 (pink) years, a transposition rate of 2 per year (dark blue), no (orange) or 400 (light blue) clusters with more than one index case, and an infection rate of 1.5 per year (dark green). There seems to be a small overestimation of k consistent over all simulations, and a large overestimation of R m dependent on the simulation assumptions. Importantly, the method can clearly distinguish between simulations under k = 0.1 and k = 1. heterogeneity in the number of secondary cases caused per infectious individual. to the best of our knowledge, the dispersion parameter k has not been estimated before for tB. the low value of k = 0.10 we found is consistent with the range of values that have previously been inferred for other infectious diseases such as smallpox, measles, and SarS, and has been taken as an indication of superspreading. 6 this value is also consistent with the range of values observed for the heterogeneity in the number of social contacts that participants reported to have made during a day 14 or during a week. 13 there are alternative explanations for the high skewness in the distribution of tB genotypic cluster sizes. First, the skewness could be due to an increasing prevalence of the disease. 5 this explanation is implausible for our dataset, as the number of tB cases in the netherlands is declining. 27 Second, the skewness could be due to bacteriologic factors, such as differences in transmissibility or transposition rates among various strains. although there is some evidence that such bacteriologic differences exist, 28, 29 the differences tend to be small or specific to certain types, such as the Beijing genotype. it is therefore unlikely that bacteriologic factors alone could result in the high skewness observed.
Simulations show our estimate of k to be robust under a wide range of assumptions. the actual value of k is slightly overestimated for most simulations, which makes the estimator conservative for our purpose. the value of the fingerprint reproduction number R m , which is a lower bound for the effective reproduction number, is harder to estimate reliably; different assumptions lead to very different estimates. this is a consequence of the fact that the time between the onset of symptoms for a case and its infector can be much longer than the total study period.
there are several factors that could possibly contribute to a high heterogeneity in the number of secondary infections caused per infectious individual in tB, the separate contributions of which are hard to quantify. 30 For example, heterogeneity might arise because some hosts are more connected in a social network, because of shorter latent periods in different age groups, because of increased susceptibility in certain risk groups, or because some cases are diagnosed at a very late stage. estimating the effect of each of these factors is a challenge because it is likely many of them contribute simultaneously. One possible way to estimate these contributions is to incorporate all factors in one detailed model. 8 another is to compare clustering patterns between high-and low-endemic countries, where some factors, for example, bacteriologic, are the same and others, for example, control measures and HiV prevalence, are different. a straightforward way of estimating the extent of superspreading for a given infectious disease is available only in those rare instances where the whole transmission tree for an outbreak is known. recent studies on viral pathogens have focused on deriving related epidemiologic measures from detailed phylogenetic trees. 31, 32 We have shown this estimation can also be done using final-size equations. Furthermore, these final sizes can be found from genotypic clusters, even when transmission clusters cannot be separated on purely epidemiologic grounds.
Superspreading can be a major concern for disease control, especially for emerging diseases. When superspreading is present, outbreaks tend to be explosive, and they can be large even when R < 1. 6 For tB, the main implication for public health is that the most cost-effective control strategy consists of highly targeted interventions. this provides a theoretical basis for the recent debate to adjust the guidelines for tB control in low-incidence regions to focus resources on settings where transmission is more likely, such as highly infectious cases or highly susceptible persons surrounding a case. 33 We conclude that the observed size distribution of clusters of tB cases with identical genotype in the netherlands is consistent with a dispersion parameter that indicates superspreading. although further research is needed to elucidate the causes of the observed heterogeneity, studies aiming to accurately describe the spread of tB will need to take this heterogeneity into account.
